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(57) ABSTRACT

In one example a computing device includes at least one
processor, wherein the at least one processor may be con-
figured to output for display, a graphical keyboard compris-
ing a plurality of keys. The at least one processor may be
configured to receive an indication of an input detected at a
presence-sensitive input device operatively coupled to the
computing device; and responsive to receiving the indica-
tion, determine an input posture of the input, wherein the
input posture represents an orientation of the computing
device in relation to an input unit used to provide the input.
The at least one processor may be configured to select, based
at least in part on the input posture, a spatial model that is
used for determining a probability that at least one of the one
or more of the plurality of keys has been selected.
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1
POSTURE-ADAPTIVE SELECTION

This application claims the benefit of U.S. Provisional
Application No. 61/702,678, filed Sep. 18, 2012, the entire
content of which is hereby incorporated by reference.

BACKGROUND

Some computing devices (e.g., mobile phones, tablet
computers, etc.) may provide a graphical keyboard as part of
a graphical user interface for text entry using a presence-
sensitive display (e.g., a screen). For instance, a presence-
sensitive display of a computing device may output a
graphical (or “soft”) keyboard that enables the user to enter
data by indicating (e.g., by tapping, sliding, and/or swiping
on or over) keys displayed at the presence-sensitive display.

In some cases, the computing device may present a
graphical keyboard with which the user interacts by tapping
individual keys of the keyboard or essentially gesturing out
a word by sliding his or her finger over the regions associ-
ated with the keys. In this way, graphical keyboards provide
an input method that allows the user to enter characters,
words, or a group of words by one or more gestures. As such,
a graphical keyboard may allow the user to achieve a certain
degree of efficiency by quickly and accurately entering text.
A computing device that provides a graphical keyboard may
utilize word prediction, auto-correction, and/or suggestion
techniques for determining a word from a user input.

However, graphical keyboards may have certain draw-
backs. For example, a computing device may generate touch
events when a user performs a gesture at a presence-
sensitive screen that outputs a continuous gesture graphical
keyboard. The touch events may include representations of
one or more different locations of the presence-sensitive
input device that are traversed by the user’s finger when
performing a tap or continuous gesture. In some examples,
a user may provide such input in different positions based on
different postures with which the user provides the input
(e.g., tapping with two thumbs and/or two fingers of differ-
ent hands (bimodal) versus tapping with a single finger
(single tap)). As such, the graphical keyboard may not
correctly determine the keys and/or words intended by the
user. Consequently the computing device may select one or
more words and/or characters that the user did not intend to
enter, thereby resulting in inaccurate text entry that reduces
the speed at which the user may interact with the computing
device.

SUMMARY

In one example, a method includes outputting, by a
computing device and for display, a graphical keyboard
comprising a plurality of' keys. The method may also include
receiving, by the computing device, an indication of an input
detected at a presence-sensitive input device operatively
coupled to the computing device. The method may also
include, in response to receiving the indication, determining,
by the computing device, an input posture of the input,
wherein the input posture represents an orientation of the
computing device in relation to an input unit used to provide
the input. The method may also include selecting, based at
least in part on the input posture and by the computing
device, a spatial model that is used for determining a
probability that at least one of the one or more of the
plurality of keys has been selected.

In one example, a computer-readable storage medium
encoded with instructions that, when executed, cause one or
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more processors of a computing device to perform opera-
tions including outputting, by a computing device and for
display, a graphical keyboard comprising a plurality of keys.
The computer-readable storage medium may be further
encoded with instructions that cause one or more processors
of a computing device to perform operations including
receiving, by the computing device, an indication of an input
detected at a presence-sensitive input device. The computer-
readable storage medium may be further encoded with
instructions that cause one or more processors of a comput-
ing device to perform operations including in response to
receiving the indication, determining, by the computing
device, an input posture of the input, wherein the input
posture represents an orientation of the computing device in
relation to an input unit used to provide the input. The
computer-readable storage medium may be further encoded
with instructions that cause one or more processors of a
computing device to perform operations including selecting,
based at least in part on the input posture and by the
computing device, a spatial model that is used for determin-
ing a probability that at least one of the one or more of the
plurality of keys has been selected.

In one example, a computing device includes at least one
processor, wherein the at least one processor may be con-
figured to outputting for display, a graphical keyboard
comprising a plurality of keys. In some examples, the at least
one processor may be configured to receive an indication of
an input detected at a presence-sensitive input device. In
some examples, the at least one processor may be configured
to, in response to receiving the indication, determine an
input posture of the input, wherein the input posture repre-
sents an orientation of the computing device in relation to an
input unit used to provide the input. In some examples, the
at least one processor may be configured to select, based at
least in part on the input posture, a spatial model that is used
for determining a probability that at least one of the one or
more of the plurality of keys has been selected.

The details of one or more examples of the disclosure are
set forth in the accompanying drawings and the description
below. Other features, objects, and advantages will be appar-
ent from the description and drawings, and from the claims.

BRIEF DESCRIPTION OF DRAWINGS

FIG. 1 is a block diagram illustrating an example com-
puting device that may implement techniques to provide
improved prediction of selected keys of a keyboard based on
user input posture, in accordance with one or more tech-
niques of the present disclosure.

FIG. 2 is a block diagram illustrating further details of one
example of a computing device shown in FIG. 1, in accor-
dance with one or more aspects of the present disclosure.

FIG. 3 is a block diagram illustrating a conceptual dia-
gram of a hierarchical adaptive spatial model, in accordance
with one or more techniques of the present disclosure.

FIG. 4 is a block diagram illustrating a conceptual dia-
gram of further details of a computing device that may
implement techniques to provide improved prediction of
selected keys of a keyboard based on user input posture, in
accordance with one or more techniques of the present
disclosure.

FIG. 5 is a flow diagram illustrating example operations
of a computing device to provide improved prediction of
selected keys of a keyboard based on user input posture, in
accordance with one or more techniques of the present
disclosure.
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FIG. 6 is a block diagram illustrating an example com-
puting device that outputs graphical content for display at a
remote device, in accordance with one or more techniques of
the present disclosure.

DETAILED DESCRIPTION

Techniques of the present disclosure are directed to pro-
viding improved prediction of selected keys of a keyboard
based on user input posture. By selecting spatial models
based on user input posture, techniques of the disclosure
may enable a computing device to achieve improved char-
acter, word, and/or phrase level recognition and prediction.
In some examples, techniques of the disclosure allow the
computing device to determine a posture with which a user
is selecting keys of a graphical keyboard, e.g., by tapping,
gesturing, or otherwise providing input using a user-inter-
face device. Techniques of the disclosure may be applied by
a computing device to determine, for example, a posture in
which a user is holding the mobile computing device in one
hand and gesturing with a single finger using a second,
different hand. Using a different posture, the user may hold
a mobile computing device with both hands and tap keys
with his or her thumbs, and many other postures are pos-
sible.

A mobile computing device that implements techniques
of the present disclosure selects one or more spatial models
using the determined posture to predict which key the user
has selected. In some examples, a mobile computing device
uses spatial models to convert one or more touch points at
a user interface device into a probability that a particular key
of a graphical keyboard has been selected by a user. Because
the touch location of a user input for a given key may vary
depending on the posture with which a user enters the user
input, techniques of the disclosure can be used to improve
the probability estimation of the intended key for a given
touch point.

In some examples, techniques of the present disclosure
employ a hierarchical adaptive spatial model with back-offs.
The hierarchical model may be adaptive and include sub-
models based on posture, key, and user information. That is,
in some examples, information identifying one or more of a
posture, user, and/or key can be used to select one or more
spatial models that more accurately predict the key selected
by the user. Each spatial model may include a probability
distribution to determine a probability that a touch input
corresponds to a key of a graphical keyboard, wherein the
probability distribution accounts for bias based on but not
limited to one or more of input posture, key, and user
information. Techniques of the disclosure can further use
one or more back-off techniques, such that if a mobile
computing determines an insufficient amount or confidence
level of information for posture, user, or key, the hierarchical
model can provide a key prediction based on information for
which there is a sufficient confidence level or amount of
information. In this way, the hierarchical model may use
more portions of the hierarchical model as the amount of
information to make a key prediction increases for the
respective portions of the hierarchical model.

FIG. 1 is a block diagram illustrating an example com-
puting device 2 that may implement techniques to provide
improved prediction of selected keys of a keyboard based on
user input posture, in accordance with one or more tech-
niques of the present disclosure. In some examples, com-
puting device 2 may be associated with a user. A user
associated with computing device 2 may interact with com-
puting device 2 by providing various user inputs to the
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computing device. In some examples, a user may have one
or more accounts with one or more services, such as a social
networking service and/or telephone service, and the
accounts may be registered with computing device 2.

Examples of computing device 2 may include, but are not
limited to, portable or mobile devices such as mobile phones
(including smart phones), laptop computers, desktop com-
puters, tablet computers, smart television platform, personal
digital assistants (PDAs), servers, mainframes, etc. As
shown in the example of FIG. 1, computing device 2 may be
a smartphone. Computing device 2, in some examples, can
include a user interface (UI) device 4, Ul module 6, key-
board module 8, gesture module 10, application modules
12A-12N (“application modules 12”), and prediction mod-
ule 14. Other examples of a computing device 2, e.g., as
shown in FIG. 2, that implement techniques of the disclosure
may include additional components not shown in FIG. 1.

Computing device 2 may include Ul device 4. In some
examples, Ul device 4 is configured to receive tactile, audio,
or visual input. Examples of Ul device 4, as shown in FIG.
1, may include a presence-sensitive input device, touch-
sensitive display, a presence-sensitive display, optical-sen-
sitive display, or any other type of device for receiving input.
Ul device 4 may output content such as graphical user
interface (GUI) 16 for display. In the example of FIG. 1, Ul
device 4 may be a presence-sensitive display that can
display graphical user interface 16 and receive input from a
user using capacitive, inductive, and/or optical detection at
or near the presence sensitive display.

As shown in FIG. 1, computing device 2 may include user
interface (UI) module 6. Ul module 6 may perform one or
more functions to receive indications of input, such as
receiving indications of user input from UI device 4, and
sending indications of such input to other components
associated with computing device 2, such as application
modules 12. Ul module 6 may also receive data from
components of computing device 2 or components operably
coupled to computing device 2. Using the data, Ul module
6 may cause other components associated with computing
device 2, such as Ul device 4, to provide output based on the
data. For instance, Ul module 6 may receive data from
application module 8 that causes Ul device 4 to display
GUIs 10, 18, and 24.

Computing device 2, in some examples, includes key-
board module 8. Keyboard module 8 may include function-
ality to generate for display, a graphical keyboard. Keyboard
module 8 also receives and/or processes input data, such as
indications of input received at a graphical keyboard to
select one or more keys. For example, keyboard module 8
may receive data representing inputs of certain taps, key-
strokes, gestures, etc., from Ul module 6 that were inputted
by a user as tap gestures and/or continuous swiping gestures
via a graphical keyboard displayed at Ul device 4. Keyboard
module 8 may process the received keystrokes and deter-
mine selected characters, words, strings, etc., based on input
features such as, received input locations, input duration,
input speed, etc. Keyboard module 8 may also function to
send character, word, and/or character string data to other
components associated with computing device 2, such as
application modules 12, gesture module 10, keyboard, Ul
module 6, etc. That is, keyboard module 8 may, in various
examples, receive input data from Ul module 6, process the
input data to determine characters, text, strings, etc., and
provide the data to application modules 12.

As shown in FIG. 1, computing device 2 may also include
gesture module 10. In some examples, gesture module 10
may be configured to receive gesture data from Ul module
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6 and process the gesture data. For instance, gesture module
10 may receive data indicating a gesture input by a user at
UI device 4. Gesture module 10 may determine that the
input gesture corresponds to a typing gesture, a cursor
movement gesture, a cursor area gesture, or other gesture. In
some examples, gesture module 10 determines one or more
alignment points that correspond to locations of UI device 4
that are touched or otherwise detected in response to a user
gesture. In some examples, gesture module 10 can determine
one or more features associated with a continuous gesture,
such as the Fuclidean distance between two alignment
points, the length of a gesture path, the direction of a gesture,
the curvature of a gesture path, and maximum curvature of
a gesture between alignment points, speed of the gesture,
etc. A continuous gesture may be a gesture that begins at a
first location continues while being detected by computing
device 2 to a second, different location of Ul device 4, such
that the continuous gesture is no longer detected upon
reaching the second, different location. Gesture module 10
may send processed data to other components of computing
device 2, such as application modules 12, keyboard module
8, prediction module 14, etc.

Computing device 2, in some examples, includes one or
more application modules 12. Application modules 12 may
include functionality to perform any variety of operations on
computing device 2. For instance, application modules 12
may include a word processor, spreadsheet, web browser,
multimedia player, server application, operating system,
distributed computing application, graphic design applica-
tion, video editing application, web development applica-
tion, notification application etc. As described in the
example of FIG. 1, application module 12A may include
functionality of an email application that displays graphical
content. Such graphical content may include a text editor
control 22 and graphical keyboard 24, which are each
included in GUI 16. In the example of FIG. 1, application
module 12A may enable a user to read email, compose and
send, email, etc.

As shown in FIG. 1, GUI 16 may be a user interface
generated by one or more of keyboard module 8 and
application module 12A that allows a user to interact with
computing device 2. Ul 16 may include graphical content.
Graphical content, generally, may be any visually display-
able representation in GUI 16. Examples of graphical con-
tent may include graphical objects, text, images, a group of
moving images, characters, symbols, etc. As shown in FIG.
1, GUI 16 includes a text editor control 22 and graphical
keyboard 24.

As shown in FIG. 1, GUI 16 may be user interface
generated by application module 12A that allows a user to
interact with computing device 2. GUIs 14 may include
graphical keyboard 24 and/or text editor control 22. As
shown in FIG. 1, text editor control 22 may display text
content entered by a user, generated by computing device 2,
and/or received by computing device 2 from a another
computing device that is operably coupled to computing
device 2. For purposes of illustration in FIG. 1, text content
20 may include “The quick brown fox.” Ul module 6 may
cause Ul device 4 to display text editor control 22 with the
included text content.

Graphical keyboard 24 may be displayed by Ul device 4
as a set of selectable keys. Keys may represent a single
character from a character set (e.g., letters of the English
alphabet), or may represent combinations of characters. One
example of a graphical keyboard may include a traditional
“QWERTY” keyboard layout. Other examples may contain
characters for different languages, different character sets, or
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different character layouts. As shown in the example of FIG.
1, graphical keyboard 24 includes a version of the traditional
“QWERTY” keyboard layout for the English language pro-
viding character keys as well as various keys (e.g., the “up
arrow” key that provide “shift” functionality) providing
other functionality. Example keys include “O” key 30 and
“X” key 28. In some examples, graphical keyboard 24
includes one or more word suggestions, such as word
suggestion 32 that includes the word “fox.”

In accordance with techniques of the disclosure, comput-
ing device 2 may implement a prediction module 14 to
improve the prediction accuracy of user selections at key-
board 24. Prediction module 14, as described in this disclo-
sure, determines a posture with which a user selects one or
more keys of graphical keyboard 24. Based on the deter-
mined posture of a user, prediction module 14 may identify
a spatial model associated with the posture to predict one or
more probable keys of keyboard 24 that the user has
intended to select. Prediction module 14 may determine,
based at least in part on the at least one spatial model, a
spatial model score that indicates a probability a key of the
plurality of keys has been selected. As further described
herein, prediction module 14 and keyboard module 8 may
determine, based at least in part on the spatial model score,
a word included in a lexicon and the word for display, in
some examples.

As illustrated in FIG. 1, UI device 4 receives an indication
of an input that is proximate to one or more of the plurality
of keys of graphical keyboard 24. For instance, a user may
perform one or more tap and/or continuous gestures at Ul
device 4. Ul module 6 may send data from Ul device 4 to
gesture module 10, which in turn determines one or more
locations of UI device 4 that are traversed by the one or more
gestures. Based on the data, gesture module 10 can deter-
mine input information that indicates a shape of the gesture
path, locations of Ul device 4 traversed by the one or more
swipe gestures, etc. Prediction module 14 may receive the
input information from gesture module 10.

In response to receiving the information, prediction mod-
ule 14 determines an input posture of the input. An example
“two-thumb” input posture may include the user holding
computing device 2 with left and right hands. The user may
provide input at Ul device 4 by using thumbs of his or her
respective right and left hands to gesture, tap, or otherwise
indicate user input at Ul device 4. In a different “one-finger”
input posture, the user may hold computing device 2 with
one of the user’s left or right hand. Using the remaining hand
that is not holding computing device 2, the user may provide
input at Ul device 4, e.g., by tapping or gesturing at Ul
device 4 using a finger of the remaining hand. The two input
postures described above are exemplary, and prediction
module 14 may determine other, different postures in some
examples.

Prediction module 14, in some examples, determines
which input posture a user is using based on an orientation
of a device using an accelerometer of computing device 2.
In other examples, prediction module 14 determines which
input posture a user is using to provide input, based on the
time elapsed between two inputs and the distance between
two input detected at UI device 4. For instance, consecutive
inputs at Ul device 4 occurring at longer distances apart but
over shorter durations may indicate higher probabilities of a
two-thumb input posture. Consecutive inputs occurring at
longer distances apart at Ul device 4, but over longer
durations, however, may indicate higher probabilities of
one-finger input posture. That is, inputs performed using
one-finger input posture may follow that the time required to
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provide an input at a target location of Ul device 4 is a
function of the distance from a starting location to the input
to the target location and the size of the target location. In
contrast, inputs performed using two-thumb input posture
may not follow that the time required to provide an input at
a target location of UI device 4 is a function of the distance
from a starting location to the input to the target location and
the size of the target location.

In the example of FIG. 1, the user may provide input to
computing device 2 using a two-thumb input posture. Using
the two-thumb input posture, the user may provide one or
more gestures to enter the word “fox.” For instance, the user
may use his or her right thumb to provide a first input at a
first location of Ul device 4 proximate to “O” key 30 and
subsequently use his or her left thumb to provide a second
input at a second location of Ul device 4 proximate to “X”
key 28. Prediction module 14 may receive information from
gesture module 10 that indicates, for example, a first time at
which the first input was provided and a second time at
which the second input was provided. Prediction module 14
may also receive information from gesture module 10 that
indicate alignment points at which gestures were detected to
provide the first and second inputs. The alignment points
may include coordinates that correspond to locations of Ul
device 4 at which Ul device 4 detect the inputs of the user.

Prediction module 14 determines a distance between the
alignment point of first input and the second input. That is,
in the example of FIG. 1, prediction module 14 may deter-
mine a log distance between the first input proximate to “0”
key 30 and the second input proximate to “X” key 28.
Prediction module 14 also determines a time elapsed
between the first time at which the first input was detected
and the second time at which the second input was detected
at Ul device 4. Using the log distance between the first and
second inputs and the time duration elapsed, prediction
module 14 determines at least one probability that indicates
whether the input posture is a one-finger posture or a
two-finger posture. In the current example, the log distance
between the alignment points of the first and second inputs
may be 6 pixels and the time elapsed between the first and
second inputs may be 100 milliseconds. Prediction module
14 may determine based on the time elapsed and log distance
between alignment points that the use is using a two-thumb
input posture.

As further described in FIG. 2, prediction module 14 may
use one or more classifiers to determine, based on the time
elapsed and distance between alignment points, which input
posture the user is using. For instance, prediction module 14
may use the time elapsed and the log distance between two
consecutive key presses as the features to determine the
input posture. To account for individual typing speed dif-
ferences, prediction module 14 may also use normalized
time elapsed between consecutive key presses as a feature.
Normalized time elapsed may be calculated according the
following equation: normalized time elapsed=time elapsed/
average time elapsed for the last n key presses, wherein n
may be some integer (e.g., n=10).

Prediction module 14 may use the determination of the
input posture to select one or more spatial models. Predic-
tion module 14 uses the one or more spatial models to
determine one or more probabilities that a particular key of
graphical keyboard 24 has been selected by the user based
on alignment points of the first and second inputs. In some
examples, a spatial model includes a bivariate Gaussian
model for a particular key. The bivariate Gaussian model for
a key may include a distribution of coordinates (e.g., (X,y)
coordinate pairs) that correspond to locations of UI device 4
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that display the given key. More specifically, in some
examples, a bivariate Gaussian model for a key may include
a distribution of coordinates that correspond to locations of
Ul device 4 that are most frequently selected by a user when
the user intends to select the given key. Although described
as bivariate Gaussian models in the example of FIG. 1, any
suitable statistical models may be used for a key.

In some examples, techniques of the disclosure may use
different spatial models based on posture, key, and the user.
Each different spatial model may have a different distribu-
tion of coordinates that corresponds to locations of Ul
device 4 that are most frequently selected for a given set of
one or more posture, key, and user information. For instance,
a user, when using a two-thumb input posture, may exhibit
bias when selecting keys, i.e., the distribution of coordinates
may be slightly shifted in one or more directions in contrast
to a distribution of coordinates for a one-finger input pos-
ture. Consequently, one or more spatial models associated
with different postures for a given key may include more
accurate distributions of coordinates for inputs associated
with the given key. As further described in FIGS. 2 and 3,
the spatial models may be hierarchically adapted and
selected based on the availability and/or sufficiency of
posture, key, and user information. Using techniques of the
disclosure, prediction module 14 may therefore determine
an input posture as described above, select one or more
spatial models corresponding to the determined posture, and
using the spatial model predict the key the user intended to
select. In the example of FIG. 1, prediction module 14 may
select a spatial model associated with a two-thumb input
posture and test one or more keys proximate to the second
input to determine which key the user intended to select.
Using the one or more spatial models, prediction module 14
may determine that the user intended to select “X” key 28
that is associated with the letter “X”. Prediction module 14
may therefore select letter “X” for display at text editor
control 22.

FIG. 2 is a block diagram illustrating further details of one
example of a computing device shown in FIG. 1, in accor-
dance with one or more aspects of the present disclosure.
FIG. 2 illustrates only one particular example of computing
device 2, and many other examples of computing device 2
may be used in other instances.

As shown in the specific example of FIG. 2, computing
device 2 includes one or more processors 40, one or more
input devices 42, one or more communication units 44, one
or more output devices 46, one or more storage devices 48,
and user interface (UI) device 4. Computing device 2, in the
example of FIG. 2 includes Ul module 6, keyboard module
8, gesture module 10, operating system 49, prediction mod-
ule 14, spatial models 50, and language model 52. Prediction
module 14 may further include single input classifier 54,
time window classifier 56, selection module 58, and user
module 60. Each of components 40, 42, 44, 46, and 48 may
be interconnected (physically, communicatively, and/or
operatively) for inter-component communications. In some
examples, communication channels 51 may include a sys-
tem bus, network connection, interprocess communication
data structure, or any other channel for communicating data.
As one example in FIG. 2, components 40, 42, 44, 46, and
48 may be coupled by one or more communication channels
51. Ul module 6, keyboard module 8, gesture module 10,
application modules 12, operating system 49, prediction
module 14 and its respective components (e.g., single input
classifier 54), spatial models 50, and language module 52
may also communicate information with one another as well
as with other components in computing device 2.
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Processors 40, in one example, are configured to imple-
ment functionality and/or process instructions for execution
within computing device 2. For example, processors 40 may
be capable of processing instructions stored in storage
device 48. Examples of processors 40 may include, any one
or more of a microprocessor, a controller, a digital signal
processor (DSP), an application specific integrated circuit
(ASIC), a field-programmable gate array (FPGA), or equiva-
lent discrete or integrated logic circuitry.

One or more storage devices 48 may be configured to
store information within computing device 2 during opera-
tion. Storage device 48, in some examples, is described as a
computer-readable storage medium. In some examples, stor-
age device 48 is a temporary memory, meaning that a
primary purpose of storage device 48 is not long-term
storage. Storage device 48, in some examples, is described
as a volatile memory, meaning that storage device 48 does
not maintain stored contents when the computer is turned
off. Examples of volatile memories include random access
memories (RAM), dynamic random access memories
(DRAM), static random access memories (SRAM), and
other forms of volatile memories known in the art. In some
examples, storage device 48 is used to store program instruc-
tions for execution by processors 40. Storage device 48, in
one example, is used by software or applications running on
computing device 2 (e.g., applications 48) to temporarily
store information during program execution.

Storage devices 48, in some examples, also include one or
more computer-readable storage media. Storage devices 48
may be configured to store larger amounts of information
than volatile memory. Storage devices 48 may further be
configured for long-term storage of information. In some
examples, storage devices 48 include non-volatile storage
elements. Examples of such non-volatile storage elements
include magnetic hard discs, optical discs, floppy discs, flash
memories, or forms of electrically programmable memories
(EPROM) or electrically erasable and programmable (EE-
PROM) memories.

Computing device 2, in some examples, also includes one
or more communication units 44. Computing device 2, in
one example, utilizes communication unit 44 to communi-
cate with external devices via one or more networks, such as
one or more wireless networks. Communication unit 44 may
be a network interface card, such as an Ethernet card, an
optical transceiver, a radio frequency transceiver, or any
other type of device that can send and receive information.
Other examples of such network interfaces may include
Bluetooth, 3G, and WiFi radios computing devices as well
as Universal Serial Bus (USB). In some examples, comput-
ing device 2 utilizes communication unit 44 to wirelessly
communicate with another computing device that is oper-
ably coupled to computing device 2.

Computing device 2, in one example, also includes one or
more input devices 42. Input device 42, in some examples,
is configured to receive input from a user through tactile,
audio, or video feedback. Examples of input device 42
include a presence-sensitive display, a mouse, a keyboard, a
voice responsive system, video camera, microphone or any
other type of device for detecting a command from a user.
In some examples, a presence-sensitive display includes a
touch-sensitive screen.

One or more output devices 46 may also be included in
computing device 2. Output device 46, in some examples, is
configured to provide output to a user using tactile, audio, or
video stimuli. Output device 46, in one example, includes a
presence-sensitive display, a sound card, a video graphics
adapter card, optical projector, or any other type of device
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for converting a signal into an appropriate form understand-
able to humans or machines. Additional examples of output
device 46 include a speaker, a cathode ray tube (CRT)
monitor, a liquid crystal display (LCD), or any other type of
device that can generate intelligible output to a user.

In some examples, Ul device 4 may include functionality
of input device 42 and/or output device 46. In the example
of FIG. 2, UI device 6 may be a presence-sensitive display.
In some examples, a presence sensitive display may detect
an object at and/or near the screen of the presence-sensitive
display. As one example range, a presence-sensitive display
may detect an object, such as a finger or stylus that is within
2 inches or less of the physical screen of the presence-
sensitive display. The presence-sensitive display may deter-
mine a location (e.g., an (X,y) coordinate) of the presence-
sensitive display at which the object was detected. In another
example range, a presence-sensitive display may detect an
object 6 inches or less from the physical screen of the
presence-sensitive display and other exemplary ranges are
also possible. The presence-sensitive display may determine
the location of the display selected by a user’s finger using
capacitive, inductive, and/or optical recognition techniques.
In some examples, presence sensitive display provides out-
put to a user using tactile, audio, or video stimuli as
described with respect to output device 46.

Computing device 2 may include operating system 49.
Operating system 49, in some examples, controls the opera-
tion of components of computing device 2. For example,
operating system 49, in one example, facilitates the com-
munication of Ul module 6, keyboard module 8, gesture
module 10, applications 12, prediction module 14, spatial
models 50, and language model 52 with processors 40,
communication unit 44, storage device 48, input device 42,
output device 46, and Ul device 4. One or more components
of storage devices 48 including Ul module 6, keyboard
module 8, gesture module 10, application modules 12,
operating system 49, prediction module 14, spatial modules
50, and language module 52 may each include program
instructions and/or data that are executable by computing
device 2. As one example, Ul module 6 may include
instructions that cause computing device 2 to perform one or
more of the operations and actions described in the present
disclosure. In some examples, one or more of the compo-
nents illustrated in storage device 48 may be implemented in
hardware and/or a combination of software and hardware.

As shown in FIG. 2, prediction module 14 further
includes single input classifier 54, time window classifier 56,
selection module 58, and user module 60. Single input
classifier 54 receives information that indicate input Ul
device 4 from Ul module 6 and gesture module. For
instance, single input classifier 54 receives information that
indicates locations of Ul device 4 selected by a user. Single
input classifier 54 may further indicate the time at which
each location was selected, in some examples. In other
examples, single input classifier 54 determines the time at
which each location was selected upon receiving the infor-
mation from one or more of gesture module 10 and/or Ul
module 4.

Single input classifier 54 may be implemented using one
or more classifier techniques. Example techniques may
include Support Vector Machines, neural networks, Bayes
classifiers, etc. Using information indicating the distance
between detected locations of Ul device 4 selected by the
user and the time elapsed between inputs to select the
locations, single input classifier 54 may generate a prob-
ability of a given input posture. That is, single input clas-
sifier 54 may generate a probability that the input posture is
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a two-thumb input posture. Single input classifier 54 may
also generate a probability that the input posture is a
single-finger input posture. In other examples, single input
classifier 54 may generate probabilities for any number of
input postures.

To generate a probability of a posture, single input clas-
sifier 54 determines the Euclidean distance 26 between a
coordinate (x1, y1) received at time T1 and coordinate (x2,
y2) received a time T2. Single input classifier 54 also
determines the time elapsed between time T1 and time T2.
Using the distance and elapsed time, single input classifier
54 generates one or more probabilities of input postures.

In some examples, prediction module 14 also includes
time window classifier 56. Time window classifier 56 may
also implement one or more classifier techniques as
described above with respect to single input classifier 54.
Time window classifier 54 may classify each input and
assumes the user does not change posture rapidly. In such
examples, time window classifier 56 determines a sliding
time window of 10 inputs (e.g., 10 key taps which may
approximate about 2 words) to generate a probabilities that
the user is providing inputs for given input posture. Time
window classifier 56, in some examples, receives a prob-
ability score and indication of input from single input
classifier 54 for each input (e.g., each tap or a portion of
continuous swipe gesture) determined by single input clas-
sifier 54. Time window classifier 56, as further described
below, may generate a probability that inputs are entered
using a given input postures based on a group of one or more
probabilities that are determined over time and received
from single input classifier 54.

In one example, for each time window, time window
classifier 56 may determine a probability of an input posture
using features including: (1) a correlation between time
elapsed and log distance between two inputs (2) average
probability for each input to be one-finger input posture (3)
average number of inputs classified as using one-finger input
posture and (4) average number of inputs classified as using
two-thumb input posture. Time window classifier 56 may
also give probability scores for each posture.

As shown in FIG. 2, prediction module 14 includes a
selection module 58. Selection module 58 may receive
information from time window classifier 56 and/or user
module 60. Information from time window classifier 56 may
indicate a probability for a given input posture over a time
window. User module 60 may indicate a probability that a
given user is providing input. Based on information received
from selection module time window classifier 56 and user
module 60, selection module 58 may select a spatial model
from spatial models 50. As further described in FIG. 3,
spatial models 50 may be a hierarchical adaptive spatial
model consisting of submodels that are selectable by selec-
tion module 58 based on key, user, and posture information.

As one example, selection module 58 may receive from
time window classifier 56 a probability that single input
classifier 54 is providing inputs using a two-thumb input
posture. Selection module 58 may further receive from user
module 60 a probability that particular user is providing
inputs. Based on this information, selection module 58 may
select one of spatial models 50 and determine the probability
that the input corresponds to a given key of graphical
keyboard 24 that is associated with the spatial model.
Selection module 58 may determine for multiple different
spatial models that each associated with a different key,
which key has the highest probability of being selected by
the input of the user. In response to determining the key
associated with the highest probability, selection module 56
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may send the character associated with the key to Ul module
6. Ul module 6 may in turn cause Ul device 4 to output the
character for display.

Computing device 2, in some examples, includes lan-
guage model 52. Language model 52 may include a lexicon.
In some examples, a lexicon may include a listing of words
and may include additional information about the listed
words. A lexicon may be represented by a range of data
structures, such as an array, a list, and/or a tree. For example,
language model 52 may include a lexicon stored in a trie
data structure. A lexicon trie data structure may contain a
plurality of nodes, each node may represent a letter. The first
node in a lexicon trie may be called the entry node which
may not correspond to a letter. In other examples, the entry
node may correspond to a letter. Each node may have one or
more child nodes. For instance, the entry node may have
twenty-six child nodes, each corresponding to a letter of the
English alphabet.

A subset of the nodes in a lexicon trie may each include
a flag which indicates that the node is a terminal node. Each
terminal node of a lexicon trie may indicate a complete word
(e.g., a candidate word). The letters indicated by the nodes
along a path of nodes from the entry node to a terminal node
may spell out a word indicated by the terminal node. In some
examples, language model 52 may be a default dictionary
installed on computing device 2. In other examples, lan-
guage model 52 may include multiple sources of lexicons,
which may be stored at computing device 2 or stored at one
or more remote computing devices and are accessible to
computing device 2 via one or more communication chan-
nels.

In some examples, language model 52 may be imple-
mented in the firmware of computing device 2. Language
model 52 may include language model frequency informa-
tion such as n-gram language models. An n-gram language
model may provide a probability distribution for an item x,
(letter or word) in a contiguous sequence of items based on
the previous items in the sequence (i.e., P(x,I%, (. 1y, - - -,
X, ;). For instance, a bigram language model (an n-gram
model where n=2), may provide a probability that the letter
“X” follows the sequence “FOX”. In some examples, lan-
guage model 52 includes a lexicon trie with integrated
language model frequency information. For instance, each
node of the lexicon trie may include a representation of a
letter and a probability value.

Selection module 58, in some examples, may further use
language module 52 to determine the probability of that a
given key was selected by user. For instance, when deter-
mining the probability of a key being selected by a user,
selection module 58 may determine whether the character of
the key corresponds to a word in language model 52 or a
phrased generated based on words included in language
model 52 and a context of previously or successively entered
characters. For instance, selection module 58 may determine
that, given the letters “FO” already typed and an input
proximate to “X” and Z” at graphical keyboard 24, “FOX”
and is more probable than “FOZ” and therefore assigns a
higher probability to the key associated with “X” and than
the key associated with “Z.”

In some examples, prediction module 14 may incremen-
tally determine one or more characters, words, phrases that
are indicated by tap and/or continuous gesture. In one
example, a user may desire to enter text, for example the
word “friend” into a text entry area of the GUIL The user, in
accordance with the techniques of this disclosure may
perform a series of tap gestures at a graphical keyboard that
is output for display by computing device 2. The gesture
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may include a plurality of distinct taps. In some examples,
the tap gestures may be divided into portions with substan-
tially equivalent time durations, while in other examples the
tap gestures may be of different durations.

Keyboard module 8 may receive data from gesture mod-
ule 10 that represents the sequence of touch events generated
by gesture module 10. Keyboard module 8 may also receive
data from gesture module 10 that represents locations of the
presence-sensitive screen of UID 4 where UID 4 presents
each of the keys of the graphical keyboard. Keyboard
module 8 may communicate with prediction module 14 to
determine, based on the locations of the keys, that the
sequence of touch events represents a selection of one or
more keys. Keyboard module 8 may determine one or more
character strings based on the selection where each character
in the character string corresponds a key of the graphical
keyboard, in accordance with techniques of this disclosure.
Keyboard module 8 may send data indicating one or more
character strings to Ul module 6.

To determine the sequence of touch events represents a
selection of one or more keys, keyboard module 8 may use
one or more spatial models 50. In general, spatial models 50
may indicate one or more probabilities that a particular key
of a graphical keyboard has been selected based on location
data associated with a user input. In some examples, spatial
models 50 include a bivariate Gaussian model for each key.
The bivariate Gaussian model for a key may include a
distribution of coordinates (e.g., (X,y) coordinate pairs) that
correspond to locations of UID 4 that present the given key.
More specifically, in some examples, a bivariate Gaussian
model for a key may include a distribution of coordinates
that correspond to locations of UID 4 that are most fre-
quently selected by a user when the user intends to select the
given key. The shorter the distance between location data of
a user input and a higher density area of one of spatial
models 50, the higher the probability that the key associated
with spatial model 50 has been selected. A greater distance
between location data of a user input and a higher density
area of one of spatial models 50, the lower the probability
that the key associated with the one of spatial models 50 has
been selected.

Keyboard module 8 may use spatial models 50 to com-
pare the location components (e.g., coordinates) of one or
more touch events in the sequence of touch events to
respective locations of one or more keys of a graphical
keyboard and generate a probability based on these com-
parisons that a selection of a key occurred. In some
examples, keyboard module 8 may generate a spatial model
score (or “spatial model probability”) using one or more of
spatial models 50. The spatial model score may indicate a
probability of a selected key based at least in part on
locations of UID 4 traversed by a gesture. In some examples,
a spatial model score may indicate a combined probability of
a group of selected keys based at least in part on locations
of UID 4 traversed by a gesture.

Keyboard module 8 may use one or more of spatial
models 50 to compare the location component of one or
more touch event in the sequence of touch events to a key
location of a particular key of a graphical keyboard. Key-
board module 8 may receive data indicating one or more of
spatial models 50 from prediction module 14 that are
determined by prediction module 14 using techniques of this
disclosure based on determined posture and/or hierarchical
organization of spatial models 50. The location component
of each touch event in the sequence may include one
location of UID 4. A key location (e.g., a centroid of a key)
of a key in a graphical keyboard may include a different
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location of UID 4. Keyboard module 8 may use one or more
of spatial models 50 to determine a Euclidian distance
between the two locations and generate a probability based
on the Euclidian distance that the key was selected. Spatial
models 50 may indicate a higher probability for a key that
shares a smaller Euclidian distance with one or more touch
events than a key that shares a greater Fuclidian distance
with one or more touch events. Based on the spatial model
probability associated with each key, keyboard module 8
may assemble the individual key selections with the highest
spatial model probabilities into a time-ordered sequence of
keys that keyboard module 8 may then determine represents
a character string. The combined probabilities of each key
may represent a spatial model score for the character string.

Keyboard module 8 may use a language model 52 to
determine language model scores (or “language model prob-
abilities”) for one or more characters strings based on the
sequence of keys corresponding to touch events. For
example, each key of the keyboard may represent a character
or a keyboard operation. Keyboard module 8 may deter-
mine, based on the sequence of keys, particular characters
represented by one or more key selections. A character such
as a number or a lowercase letter may require a single
character key selection (e.g., <letter-key>, <number-key>,
etc.) and a character such as a capitalized letter may require
two key selections (e.g., <shift-key>+<letter-key>, etc.).

Keyboard module 8 may access language model 52 of
computing device 2 to determine language model scores for
a group of one or more character strings based on sequences
of'keys corresponding to a gesture. That is, keyboard module
8 may incrementally generate a group of one or more
character strings using language model 52 in response to
receiving indications of one or more gestures. A character
string may be a group of characters comprising a prefix or
portion of a character string included in language model 52
or an out-of-vocabulary (OOV) character string not included
in language module 52. In some examples, a character string
may be a group of characters comprising a complete char-
acter string included in language model 52 or a complete
OOV character string. As the user provides user input
corresponding to one or more gestures, keyboard module 8
may incrementally determine spatial and language model
scores corresponding to character strings. Using the spatial
and language model scores, keyboard module 8 may deter-
mine a combined score for each character string based on the
spatial and language model score for each respective char-
acter string. Keyboard module 8 may update the spatial,
language, and/or combined scores incrementally as key-
board module 8 determines subsequent indications of ges-
tures. For instance, keyboard module 8 may, while receiving
a plurality of indications of one or more gestures detected at
a presence-sensitive screen, update a language model score
based on a language context, wherein the language context
changes in response to at least one the plurality of indica-
tions of one or more gestures. For instance, the language
model scores associated with character strings in language
model 52 may change in response to character strings that
are inputted. Because the combined score may indicate a
probability that a character string corresponds to a gesture,
keyboard module 8 may rank the character strings by their
respective combined scores as further described in this
disclosure. Keyboard module 8 may then output the char-
acter strings and/or determine other character strings based
on the character strings for output.

Generally, language model 52 of computing device 2 may
include a list of character strings, e.g., words, within a
written language vocabulary. In some examples, language
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model 52 may be based on and/or include a set of character
strings based on a dictionary (e.g., that includes a vocabulary
of words) stored at computing device 2 or a remote com-
puting device that is accessible by computing device 2. In
some examples, the dictionary may include a vocabulary of
words. A vocabulary of words may be a body of words used
in a written and/or spoken language. A dictionary may be
implemented as a data structure that stores one or more
words of a vocabulary in a structured manner. Language
model 52 may indicate a probability of each respective
character string based on the frequency with which the
character string occurs in a given language context. For
instance, the character string “door” may be more frequently
used in the English language following the character string
“the” and therefore associated with a larger probability than,
for example, the character string “run” following the char-
acter string “the.”

In some examples, keyboard module 8 may use language
model 53 to determine a language model score for a char-
acter string based on a language context that may include,
but is not limited to, e.g., a character corresponding to
indication of the gesture performed by the user, character
strings in a dictionary and/or previously inputted character
strings, etc. For example, keyboard module 22 may deter-
mine a group of characters associated with keys correspond-
ing to a gesture. The group of characters may be a prefix or
portion of a character string. The character string may be
included in language model 52 or may be an out-of-vocabu-
lary character string. Keyboard module 8 may search or
“look ahead” to determine one or more character strings in
language model 52 that correspond respectively to the
prefix.

In some examples, keyboard module 8 may perform a
lookup of multiple different groups of characters associated
with keys corresponding to a gesture, for example, where
each group of characters may be a prefix or portion of a
character string. Keyboard module 8 may use language
model 52 to identify one or more character strings in
language model 52 that include a part of or all of the
characters of the group of characters that may be a prefix or
portion of the character string. For instance, a user may
perform a gesture at UID 4 that traverses the keys s-a-r-1.
Keyboard module 8 may therefore perform a lookup of
prefix s-a-r to determine a group of character strings that
begin with s-a-r. Similarly, keyboard module 8 may perform
a lookup of prefix s-a-t to determine a group of character
strings that begin with s-a-t.

As described above, keyboard module 8 may determine a
combined score for each character string based at least in
part on the respective spatial and language module scores for
each respective character string. The combined probability
for a character string may therefore represent the probability
of the character string based on a language context and the
accuracy of a gesture given a set of keys. Keyboard module
8 may order each character string in a group of character
strings by combined score in descending order from most
probable character string to least probable character string.
In some examples, keyboard module 8 may determine one
or more character strings based on the one or more character
string with the highest probabilities. UID 4 may output such
character strings as suggested character strings.

FIG. 3 is a block diagram illustrating a conceptual dia-
gram of a hierarchical adaptive spatial model 76 (“spatial
model 76”), in accordance with one or more techniques of
the present disclosure. Hierarchical adaptive spatial model
76 may include one or more submodels that are each spatial
models. A spatial model generally may be a probability
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distribution that has its own center, mean, covariance, etc.
The probability distribution may be based on but not limited
to one or more of input posture, one or more previous inputs,
typing position biases of one or more users, training data that
includes a set of training inputs, etc. As shown in FIG. 3,
spatial models 50 of FIG. 2 may be illustrated hierarchically
as hierarchical spatial model 76. In some examples, hierar-
chical spatial model 76 may be implemented as one or more
hash tables. The hierarchical models may take into account
different conditions for specialized adaptation and provide a
back-off mechanism when there is not enough data or
confidence for the higher order models.

The zeroth or lowest order sub-model of spatial model 76
is base model 60. Base model 60 may be key, person, and
posture independent. Higher order models consist of a
combination of spatial models that adapt to hand posture
(e.g. one finger, two thumbs, or ten fingers on tablets), key
or bi-letters (e.g. “h/t” where the current target letter is the
“h” key and the previous letter is “t”), the individual user, or
a combination thereof. For instance, posture adaptive sub-
model 62 may consist of a spatial model that accounts for
bias in the location of user inputs based on posture. Posture
and key adaptive sub-model 68 may consist of a spatial
model that accounts for bias in the location of user inputs
based on posture and past user inputs specific to the user that
have been learned by computing device 2. As another
example, posture, user, and key adaptive sub-model 74 may
provide sub-model that includes a distribution of UI device
coordinates based on posture, user, and key sub-models. A
key spatial model can also be more specialized to include
bi-letter patterns that occur frequently, for instances, “h”
followed by “e,” “t” followed by “h” etc. Since these may be
highly frequent patterns, a small improvement in detecting
these keys based on these more specialized models may
provide an improvement in the overall key detection accu-
racy.

In the example of FIG. 3, base model 60 predicts a key
that has the shortest Euclidean distance from the tapping
coordinates. That is, prediction module 14 may, upon receiv-
ing an (x,y) coordinate corresponding to a location touched
by the user at Ul device 4, determine the Fuclidean distance
between the coordinate and, for example, the centroid or
center of mass of the distribution of coordinates in the base
model for one or more given keys. Prediction module 14
may associate a highest probability with a key that has the
shortest Euclidean distance to the received (x,y) coordinate.

Posture-adaptive sub-model 62 accounts for differences in
input locations at Ul device 4 that correspond to detected
user input based on input posture. That is, as previously
described, one or more spatial models may include different
distributions of input locations that vary based which input
posture the user is using to provide input. User adaptive
sub-model 64 may account for differences in input locations
at Ul device 4 that correspond to detected user input based
on individual user biases. That is, one user may consistently
tap keys at the bottom edge of the key while other users may
consistently tap upper-right corner keys (e.g., “I”, “K”, “L”,
“07, “P” keys of a QWERTY keyboard) in the center while
tapping bottom left hand corner keys (e.g., “A”, “S”, “D”,
“77, “X” keys of a QWERTY keyboard) at the top edge of
the keys. Prediction module 14 may learn such biases over
time and generate spatial models that account for the biases.
In some examples, prediction module 14 determines that
inputs received by computing device 10 consistently exhibit
biases associated with learned spatial models for a given
user. Based on the determination, prediction module 14 can
use a user adaptive spatial model to more accurately predict
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the keys selected by the user. Key adaptive sub-model 66
may be a spatial model that consists of a bivariate Gaussian
model for each key based on observations of user input from
many different users. Then the key detection process
involves choosing the key whose Gaussian model gives the
highest probability for the given (x, y) tapping coordinates.
When this is combined with posture and individual adapta-
tion, more specialized Gaussian models may be built for
each key.

In accordance with techniques of the disclosure, predic-
tion module 14 will use one or more combinations of
sub-models when a sufficient number of samples have been
determined by prediction module 14 to build a reliable
model. That is, prediction module 14 may include one or
more thresholds for one or more combinations of sub-
models. Each such sub-model or combination of sub-models
would only become active when its reliability passes a set
threshold (e.g. 100+ inputs/observations had been col-
lected); otherwise, the sub-models are still “growing” but in
“dormant” mode, i.e., not used by prediction module 14. In
this way, prediction module 14 uses such thresholds or
“backoffs” to select those sub-models of spatial model 56
that have sufficient information to provide predictions with
improved accuracy. Consequently, prediction module 14
may select a more accurate spatial model, e.g., sub-model
74, that is based on posture, key, and user adaptive infor-
mation when such information is available and/or a suffi-
cient quantity of such information is available. If a sufficient
quantity of posture, key, and user adaptive information is not
available based on a given threshold, prediction module 14
can adaptively fall back to lower ordered sub-models.

When prediction module 14 determines which key has
been selected, a higher order more specialized model is used
if it meets a set of conditions such as a particular posture
mode is detected with high confidence and the correspond-
ing model (e.g. h/t, one-finger) is available (live, matured).
Otherwise, prediction module 14 backs off to a lower order
model. Prediction module 14 may back off to a base model
which is key, individual and posture independent if neces-
sary. Prediction module 14 may compare key detection
accuracy with different models to analyze their relative
effectiveness. This can inform prediction module 14 of the
order of the back-off models to use when there is not enough
data for higher order models.

In some examples, key adaptive model 66 can be trained
offline by collecting data from a large number of users, and
can therefore be used as a basic backup model once enough
data is collected. User and key adaptive model 72 may
provide higher accuracy than the posture and key adaptive
model 70 in some examples. Consequently, user and key
adaptive model 72 can have higher priority in some
examples. That is, prediction module 14 may use user and
key adaptive model 72 more frequently or in response to a
lower threshold than other submodels. Therefore, in some
examples, when computing device 2 does not have enough
data for the user, computing device 2 can use posture and
key adaptation model 70 instead of user and key adaptive
model 72.

In some examples, hierarchical adaptive spatial model 76
may be implemented as a hash table or a group of hash
tables. In the example of a group of hash tables, prediction
module 14 may maintain a hash table for each of submodels
60-74. As one example, prediction module 14 may maintain
a posture, user, and key adaptive hash table (“PUK table™)
for posture, user, and key adaptive spatial model 74. Each
bucket of the PUK table may include a pointer to a Gaussian
model for a key of a graphical keyboard. Prediction model
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10 may generate a search key, such as a hash key from a
group of data that includes: a determined posture P, a
determined user U, and a determined key K. In other words,
prediction model 10 generates the hash key to select a
Gaussian model from the PUK table based on a tuple of (P,
U, K). P may be data that represents an input posture (e.g.,
an input posture type), U may be data that includes an
identifier of a user of computing device 2, and K may be data
that includes an identifier of a key of a graphical keyboard.
In some examples, prediction module 14 may determine
probabilities that the user selected a given key of the
graphical keyboard by testing a number of different neigh-
boring keys to a touch location detected at UI device 4. For
instance, prediction module 14 may test key “X” as shown
in FIG. 1, but may also test neighboring keys “C”, “Z”, “D”,
which may be within a threshold distance of the touch
location of a tap gesture performed at the “X” key. Predic-
tion module 14 may search, based at least in part on the
search key, hierarchical adaptive spatial model 76 to select
at least one spatial model (which may be a submodel of
hierarchical adaptive spatial model 76) of the hierarchical
spatial model. Therefore, prediction module 14 may select
different Gaussian models from hierarchical adaptive spatial
model 76 by generating hash keys for each of the keys and
determining the respective spatial model probabilities for the
given keys. For instance, prediction module 14 may deter-
mine spatial model probabilities for the respective keys
using the following inputs: (P, U, K=X"), (P, U, K=“C”), (P,
U, K=7"), (P, U, K="D”). Prediction module 14 determines
the spatial model probability that the “X” key was tapped by
selecting a Gaussian model from the PUK table based on a
hash key generated from the values included in (P, U,
K=X"). That is, the hash key generated based on the values
included in (P, U, K="X"") may correspond to a bucket in the
PUK table that includes a pointer to a Gaussian model for
the “X” key, wherein the probability distribution of the
Gaussian model is based on the values (P, U, K). Prediction
module 14 may perform the same operations for (P, U,
K=*C"), (P, U, K=<Z"), (P, U, K="D").

In some examples, prediction module 14 may not have a
sufficient amount of information to generate a determined
posture P, a determined user U, and/or a determined key K.
As one example, the quantity of information may be less
than a threshold that must be satisfied in order to a deter-
mined posture P. Prediction module 14 may maintain similar
thresholds for requiring a sufficient amount of information to
generate a determined user U and/or a determined key K. In
such examples where there is an insufficient amount of
information, prediction module 14 may generate a hash key
based on inputs for which there is a sufficient amount of
information. For instance, if prediction module 14 has an
insufficient amount of information to generate a determined
posture P, prediction module 14 may generate a hash key
based on (U, K) rather than (P, U, K) because insufficient
information exists for P. The hash key for (U, K) may
correspond to a bucket in the PUK table that includes a
pointer to a bucket in a different user and key adaptive hash
table (“UK table™) for user and key adaptive spatial model
72. The bucket in the UK table referenced by the pointer in
the PUK table may include a pointer to a Gaussian model for
the “X” key, wherein the probability distribution of the
Gaussian model is based on the values (U, K). In this way
if insufficient information exists for P (e.g., does not satisfy
a threshold, such as being less than a threshold) and there-
fore the confidence level for selecting a spatial model based
on posture is too low, prediction module 14 can traverse
through the hash tables that implement hierarchical adaptive
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spatial model 76 to select a Gaussian model based on
information for which sufficient information exists (e.g.,
satisfies a threshold, such as being greater than a threshold).
Thus, upon determining a probability that that indicates the
input posture is one of a plurality of input posture types,
prediction module 14 may determine, responsive to deter-
mining that the probability satisfies a threshold and based at
least in part on the input posture, the spatial model.

Prediction module 14 may similarly maintain hash tables
for each of submodels 60-74. In this way, prediction module
14 may generate hash keys based on values taking the form
[(posture, user, key), key] and select corresponding spatial
models accordingly as described above. As another example,
prediction module 14 may not have a sufficient amount of
information to generate any of a determined posture P, a
determined user U, and a determined key K. Prediction
module 14 may therefore generate a hash key based on
(<empty>). Prediction module 14 may determine a bucket in
the PUK table that corresponds to (<empty>). The bucket
may include a pointer to base model 60, in which case,
prediction module 14 determines a spatial model probability
that “X” was selected using the base model 60. In another
example, prediction module 14 may generate a hash key
based on (P) where a sufficient amount (e.g satisfies a
threshold) of P posture information is available. The hash
key corresponding to the bucket in the PUK table may
include a pointer to a bucket in a posture and key hash table
(“PK table™) for posture and key adaptive model 70. The
bucket in the PK table referenced by the pointer may include
a different pointer to a bucket in a power table (“P table”) for
posture adaptive model 62. The pointer to the bucket in the
P table may reference a bucket in the P table that includes a
Gaussian model for the “X” key based on the P posture
information. Prediction module 14 may then determine the
spatial model probability that the “X” key was selected by
the user. In this way, if insufficient amounts of information
exist for posture, user, and/or key, prediction module 14 may
traverse to lower ordered models in a hierarchical fashion as
described in the example of FIG. 3. Although the techniques
of FIG. 3 have been described with respect to a group of
hash tables, the techniques may be implemented using a
single hash table, any other single suitable data structure, or
any other combination of one or more different suitable data
structures.

In some examples, prediction module 14 may update one
or more spatial models (including, for example, hierarchical
adaptive spatial models and submodels) based on training
data and/or observed user inputs. That is, prediction module
14, over time, may periodically and/or continuously update
spatial models as additional information about user inputs is
determined. Prediction module 14 may determine such
information as the user types or from one or more sets of
information (e.g., training information). In this way, as
prediction module 14 determines such new information,
prediction module 14 may update one or more spatial
models to provide greater accuracy in determining whether
a touch input corresponds to a key of a graphical keyboard.
For instance, if a user consistently biases her tap input of the
“K” key of the graphical keyboard to the bottom left corner
of the key, prediction module 14 may update spatial models
that are based on the user to reflect the bias. In other words,
prediction module 14 may update the Gaussian distributions
of posture and user adaptive spatial model 68 and user and
key adaptive spatial model 72 to reflect the user’s bias. As
prediction module 14 determines more information and
provides additional updates to such spatial models, predic-
tion module 14 may more accurately select which spatial
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model to use from hierarchical adaptive spatial model 76,
when determining whether a touch input corresponds to a
key of the graphical keyboard. In other words, as prediction
module 14 determines more information, prediction module
14 may determine which spatial model to use with greater
confidence. Consequently, as prediction module 14 deter-
mines more information, prediction module 14 may select
higher-ordered spatial models of hierarchical adaptive spa-
tial model 76. In some examples, as the probabilities of
prediction module 14’s classifications of input posture, user
providing the input, etc. increase, prediction module 14 may
determine that such probabilities satisfy thresholds that must
be satisfied in order to use higher ordered sub-models of
hierarchical spatial model 76. If such classifications do not
have sufficiently high probabilities that satisfy threshold
(e.g., there is insufficient confidence in the classification)
then prediction module 14 may back-oft and select lower
ordered spatial models using information for which there is
sufficient confidence (e.g., probability of the classification
satisfies a threshold). Such thresholds are further described
in FIG. 4.

FIG. 4 is a block diagram illustrating a conceptual dia-
gram of further details of a computing device that may
implement techniques to provide improved prediction of
selected keys of a keyboard based on user input posture, in
accordance with one or more techniques of the present
disclosure.

As shown in FIG. 4, prediction module 14 includes
single-input classifier 54, time-window classifier 80, user
module 60, selection module 58, and spatial models 50,
which may be implemented in hardware, software, or a
combination of hardware and software. FIG. 4 illustrates
example flows of information within prediction module 14.
In particular, prediction module 14 illustrates the inflow of
touch events into prediction module and the outflow of a
spatial model score for a key. In some examples, keyboard
module 8 receives the spatial model score from prediction
module 14. Keyboard module 8 may then determine a
combined score for a character or group of characters based
on the spatial model score and a language model score as
described in FIG. 2.

Single-input classifier 54 may be a Support Vector
Machine classifier (SVM classifier) that receives touch
events 84 from one or more of Ul module 6, keyboard
module 8, and/or gesture module 10. Each touch event may
correspond to a location of Ul device 4 at which a gesture
input is detected by Ul device 4, such as a tap gesture or a
portion of a continuous gesture. A touch event may include
an (X, y) coordinate of Ul device 4 that the gesture input was
detected, a time that the gesture input was detected, etc.
Upon receiving a current touch event, single-input classifier
54 may compare the current touch event to a previous touch
event. That is, single-input classifier 54 may maintain data
that represents information from a previous touch event. In
some examples, the previous touch event may be a touch
event that was received immediately prior to the current
touch event. Single-input classifier 54 may calculate the
time elapsed between the previous touch event and the
current touch event. Single-input classifier 54 may also
determine the Euclidean distance between the location of the
previous touch event and the location of the current touch
event.

Single-input classifier 54 may determine a probability of
an input posture based at least in part on the distance
between the location of the previous touch event and the
location of the current touch event and the time between the
location of the previous touch event and the location of the
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current touch event. For instance, single-input classifier 45
may generate higher probabilities indicating the input pos-
ture is bimodal when the distance between the current and
previous touch events is larger and the time between the
current and previous touch events is smaller. Similarly,
single-input classifier 45 may generate higher probabilities
indicating the input posture is single tap when the distance
between the current and previous touch events is larger and
the time between the current and previous touch events is
larger. In some examples, the probabilities may be based on
training data applied to single-input classifier 54 based on
user typing behavior. As shown in FIG. 4, single-input
classifier 54 may send data indicating a probability that the
input posture is of a posture type (e.g., bimodal, single-tap,
etc) to time-window classifier 80. In some examples, the
data may indicate the probability and the corresponding
posture type. Single-input classifier may send multiple prob-
abilities and corresponding posture types to time-window
classifier 80 in some examples. In some examples, single-
input classifier 54 only determines the probability of one or
more input postures when the distance between the location
of the current touch event and the location of the previous
touch event is greater than a threshold distance. In such
examples, when the distance between the locations of the
current touch event and previous touch event are less than
the threshold distance, single-input classifier may provide a
probability of O for each of the different input postures types.

Time-window classifier 80 receives, for a single touch
input represented by a touch event, one or more probabilities
of one or more different input posture type. Time-window
classifier 80 may determine for a group of touch inputs
represented by touch events, one or more probabilities of
one or more different input posture type. That is, in one
example, time-window classifier 80 provides the probability
of'a input posture type based on multiple gesture inputs (e.g.,
10 key taps or about 2 words, in some examples). Time-
window classifier 80 may be an SVM classifier that receives
data 82 indicating probability information that a single
gesture input is of a given posture type along with the touch
event information.

In some implementations of prediction module 14, it may
be assumed that the user’s input posture does not change
often. For example, the user may not change input posture
while typing in the middle of a word or sentence. Therefore,
time-window classifier 80 may determine a probability of an
input posture based on multiple different features that take
one or more previous user inputs into account. Prediction
module 14 may generate based on a plurality of previous
determinations of input posture, a statistic for at least one
feature corresponding to the input posture; and responsive to
receiving an input detected at the presence-sensitive input
device, determine, based at least in part on the statistic, the
input posture. A statistic may be a numerical representation
of data corresponding to previous user inputs for a feature,
such as an average, count, correlation, or any other suitable
statistic.

As one example feature, time-window classifier 80 may
generate a probability of an input posture based on a
correlation between the time elapsed and distance (e.g., log
distance) of temporally adjacent touch events. For instance,
time-window classifier 80 may that higher correlation
between time elapsed and distance over a group of key taps
indicates single-tap input posture while lower correlation
between time elapsed and distance over a group of key taps
indicates bimodal (e.g., two thumb) input posture.

Time-window classifier 80 may also use as a feature the
average probability score that each user input is one-finger.
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Time-window classifier 80 may also use as a feature the
average probability score that each user input is two-finger
(e.g., bimodal or two-thumb). Time-window classifier 80
may receive from single-input classifier 54, a probability
that a user input is one-finger and may generate and update
an average probability score that each user input is one-
finger accordingly. Similarly, time-window classifier 80 may
receive from single-input classifier 54, a probability that a
user input is two-thumb and may generate and update an
average probability score that each user input is two-thumb
accordingly. In other words, the respective average prob-
abilities may be averages of current and previous probabili-
ties received from single-input classifier 54.

Time-window classifier 80 may also use as a feature the
average number (e.g., quantity) of taps that are classified as
one-finger. For a given tap input, time window classifier 80
may classify the tap input as being of the input posture type
with the highest probability. That is, if single-input classifier
54 assigns an 80% probability that a tap input was input
using a single-input posture and a 20% probability that a tap
input was input using a two-thumb input posture, then
single-input classifier 54 may classify the tap input as using
single-input posture. Time-window classifier 80 may also
use as a feature the average number (e.g., quantity) of taps
that are classified as two-finger (e.g., bimodal or two-
thumb). Time-window classifier 80 may receive from single-
input classifier 54, data that indicates a user input is one-
finger and may generate and update an average quantity that
each user input is one-finger accordingly. Similarly, time-
window classifier 80 may receive from single-input classi-
fier 54, data that indicates a user input is two-thumb and may
generate and update an average quantity that each user input
is two-thumb accordingly. In other words, the respective
average quantities may be averages of current and previous
classifications of tap inputs received from single-input clas-
sifier 54.

Time-window classifier 80 may generate one or more
probabilities that indicate one or more input postures based
on a combination of one or more of the features described
above. Other features not described above may also by
time-window classifier 80 to generate the one or more
probabilities. In one example, time-window classifier 80
may generate a higher probability that the input posture is
single-tap for stronger correlations between time elapsed
and log distances of key presses, higher average probability
scores for each tap input to be one-finger input, and higher
average number of tap inputs classified as one-finger input.
Similarly, time-window classifier 80 may generate a higher
probability that the input posture is two-thumb for weaker
correlations between time elapsed and log distances of key
presses, higher average probability scores for each tap input
to be two-thumb input, and higher average number of tap
inputs classified as two-thumb input. By using one or more
features as described above, time-window classifier 80,
which may be implemented as an SVM classifier, may
generate one or more probabilities indicating one or more
input postures. For instance, time-window classifier 80 may
determine, for the previous 10 tap inputs, an 80% probability
that the input posture is single-tap and a 20% probability that
the input posture is two-thumb. Selection module 58 may
receive such probabilities from time-window classifier 80,
which selection module 58 may use to select spatial models
and determine probabilities that different keys were selected
by a user in response to a tap input.

As shown in FIG. 4, prediction module 14 includes user
module 60. User module 60 may determine which user
among one or more users is providing input at computing
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device 2. That is, user module 60 may send a data indicating
a user to selection module 58, which may in turn use the data
indicating the user to select one or more spatial models that
are based on typing biases of the user. In some examples,
user module 60 may generate a probability that a given user
is providing input at computing device 2, which may be
received by selection module 58. In one example, user
module 60 may generate multiple probabilities correspond-
ing to different users. User module 60 may maintain a group
of one or more profiles that correspond respectively to one
or more users. A profile may include data uniquely identifies
a user. As one example, the operating system of computing
device 2 may support one or more user accounts that are
each identified by a user name. The user name for a user may
be included in the profile. When a particular user is logged
into the operating system of computing device 2, user
module 60 may send data identifying the logged in user to
selection module 58. Although described with respect to a
user name of an operating system, any suitable identifier of
a user from any one or more applications executing on
computing device 2 may be used by user module 60. In other
examples, user module 60 may include functionality of an
SVM classifier that determines which user is presently
typing based on a plurality of features. The features may
include, typing speed, typing biases, or any other informa-
tion usable to determine which user is presently typing.
Selection module 58 may receive data from user module 60
that indicates the user providing input at computing device
2.

Selection module 58 may receive touch events 84 and
determine spatial model scores for one or more keys of a
graphical keyboard based on one or more of a determined
input posture, determined user that is providing input to
generate touch events 84, and/or data indicating a key of the
graphical keyboard. Selection module 58 may select one or
more of spatial models 50 based on the one or more of a
determined input posture, determined user that is providing
input to generate touch events 84, and/or data indicating a
key of the graphical keyboard. For instance, selection mod-
ule 58 may receive such information as determined posture
P from time-window classifier 80, a determined user U from
user module 60, and/or a determined key K. Selection
module 58 may identify determined key K by computing the
distance between the location of a received touch event and
a location of a key of the graphical key displayed at Ul
device 4. If the computed distance is less than a threshold
distance, selection module 58 may use determined key K to
determine the spatial model score for the selected key. In this
way, if multiple keys are within a threshold distance of the
location indicated by a touch event, selection module 58
may determine spatial model scores for each respective key.

Selection module 58, in some examples, determines spa-
tial model scores for one or more keys by traversing one or
more hierarchical spatial models, such as hierarchical spatial
model 76 as illustrated in FIG. 3. That is, selection module
58 may generate a hash key based on one or more of (P, U,
K) information. Selection module 58 may then select a
spatial model that corresponds to the hash key generated in
accordance with one or more of the (P, U, K) information,
as described in FIG. 3. Upon selecting a spatial model of
spatial models 50 identified by the hash key, selection
module 58 may generate a spatial model score by comparing
a location of a determined key of the graphical keyboard to
the spatial model. The spatial model score for the deter-
mined key of the graphical keyboard may indicate a prob-
ability that the touch input was intended to select the
determined key of the graphical keyboard. Keyboard mod-
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ule 8 may receive the spatial model score from selection
module 58 and determine a character, character string, etc.,
as described in FIG. 2. As shown in FIG. 4, keyboard
module 8 may generate data indicating the key of the
graphical keyboard and its corresponding spatial model
score, for the key of the graphical keyboard that has the
highest spatial model score, when determining multiple
spatial model scores for multiple keys of the graphical
keyboard in response to a touch event.

In some examples, selection module 58 may only use
some of information such as determined posture P from
time-window classifier 80, a determined user U from user
module 60, and/or a determined key K. For instance, selec-
tion module 58 may only use determined posture P to select
a spatial model if the probability associated with posture P
satisfies a threshold (e.g., greater than x % probability, where
X is any real number between 0 and 100). In this way,
selection module 58 may select a spatial model based on (U,
K) information (i.e., may select user and key adaptive spatial
model 72 rather than posture, user, and key adaptive spatial
model 74) when the probability does not satisty a threshold.
In this way if the probability associated with an input posture
does not satisfy a threshold and therefore prediction model
14 does not have sufficient confidence in the determined
input posture, prediction module 14 may select a lower
ordered or more general spatial model. Thus, in one
example, if the probability of single-tap input received from
time-window classifier 80 is 52% and the probability of
two-thumb input received from time-window-classifier is
48%, prediction module 14 may select a spatial model based
only on (U, K) information. Prediction module 14 may apply
similar techniques to U and K information, to only use such
information when the corresponding probabilities satisfy a
threshold (e.g., are greater than a threshold value). There-
fore, in one example, if the probability of a user from user
module 60 is less than a threshold (e.g., does not satisfy the
threshold), selection module 58 may select posture and key
adaptive spatial model 70 from spatial models 50 based on
(P, K) information without U information. In some
examples, prediction module 70 may modify one or more of
the thresholds relating to P, K, and U information before,
during, or after processing of one or more inputs.

FIG. 5 is a flow diagram illustrating example operations
of a computing device to provide improved prediction of
selected keys of a keyboard based on user input posture, in
accordance with one or more techniques of the present
disclosure. For purposes of illustration only, the example
operations are described below within the context of com-
puting device 2, as shown in FIGS. 1 and 2.

In the example of FIG. 5, keyboard module outputs, for
display at Ul device 4, graphical keyboard 24 (100). Graphi-
cal keyboard 24 includes a plurality of keys such as “O” key
30 and “X” key 28. A user may perform two tap gestures at
a region of Ul device 4 that displays graphical keyboard 24.
In response to the gestures, prediction module 14 may
receive data corresponding to an indication of an input that
is proximate to one or more of the plurality of keys (102).
For instance, prediction module may receive data that indi-
cates alignment points corresponding to locations of Ul
device 4 that detect the two taps. In response to receiving the
indication, prediction module 14 may determine an input
posture of the input, e.g., two taps. As described in FIGS.
1-5, prediction module 14 may determine a time elapsed and
distance between the two tap locations represented by align-
ment points. Prediction module 14 generates a probability,
based on the time elapsed and distance, that indicates a given
input posture was used to enter the two inputs (104). Based
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on a determined probability of an input posture, prediction
module 14 selects one or more spatial models using a
hierarchical adaptive spatial model as described in FIGS.
1-3 (106). Using the one or more spatial models, prediction
module 14 may determine a most probable key that the user
intended to select. Upon determining the most probable key,
prediction module 14 determines a character associated with
the key. In some examples, prediction module 14 outputs the
character for display. In other examples, prediction module
14 uses the determined character to perform word or phrase
prediction.

In some examples, the operations may include determin-
ing, by the computing device, a distance between a first
location of a key of the graphical keyboard and a location of
the presence-sensitive input device at which the input was
detected; determining, by the computing device, a time
elapsed between a first time that the first input was detected
at the presence-sensitive input device and a second time that
a second input was detected at the presence-sensitive dis-
play, the second time occurring before the first time; and
determining, by the computing device and based at least in
part the distance and the time elapsed, the input posture. In
some examples, the input posture includes at least one of
single-finger input posture and a bimodal input posture. In
some examples, the operations may include generating, by
the computing device based at least in part on the input
posture, a search key; searching, by the computing device
and based at least in part on the search key, a hierarchical
spatial model comprising a one or more sub-models, the at
least one spatial model being a sub-model of the hierarchical
spatial model; and selecting, by the computing device and
based at least in part on the search, the at least one spatial
model. In some examples, the operations may include gen-
erating, by the computing device, the search key based at
least in part on one or more of an identifier of a key of the
graphical keyboard and an identifier of a user of the com-
puting device. In some examples, the operations may
include determining, by the computing device, a probability
that that indicates the input posture is one of a plurality of
input posture types; and wherein selecting, based at least in
part on the input posture, the spatial model comprises
selecting the input posture responsive to determining that the
probability satisfies a threshold

In some examples, the operations may include generating,
by the computing device and based on a plurality of previous
determinations of input posture, a statistic for at least one
feature corresponding to the input posture; and responsive to
receiving the input detected at the presence-sensitive input
device, determining, by the computing device and based at
least in part on the statistic, the input posture, wherein the at
least one feature comprises at least one of: a correlation
between time elapsed and log distance of previous inputs
detected at the presence-sensitive input device; an average
probability for the input to be a single-finger input posture
based on previous inputs detected at the presence-sensitive
input device; an average probability for the input to be a
bimodal input posture based on previous inputs detected at
the presence-sensitive input device; an average number of
previous inputs classified as using single-finger input pos-
ture based on previous inputs detected at the presence-
sensitive input device, and an average number of previous
inputs classified as bimodal input posture based on previous
inputs detected at the presence-sensitive input device. In
some examples, the operations may include determining, by
the computing device and based at least in part on the at least
one spatial model, a spatial model score that indicates a
probability a key of the plurality of keys has been selected;
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determining, by the computing device and based at least in
part on the spatial model score, a word included in a lexicon;
and outputting, by the computing device and for display, the
word.

FIG. 6 is a block diagram illustrating an example com-
puting device that outputs graphical content for display at a
remote device, in accordance with one or more techniques of
the present disclosure. Graphical content, generally, may
include any visual information that may be output for
display, such as text, images, a group of moving images, etc.
The example shown in FIG. 6 includes a computing device
120, presence-sensitive display 122, communication unit
124, projector 126, projector screen 128, mobile device 130,
and visual display device 132. Although shown for purposes
of example in FIGS. 1 and 2 as a stand-alone computing
device 2, a computing device such as computing device 120
may, generally, be any component or system that includes a
processor or other suitable computing environment for
executing software instructions and, for example, need not
include a presence-sensitive display.

As shown in the example of FIG. 6, computing device 120
may be a processor that includes functionality as described
with respect to processor 40 in FIG. 2. In such examples,
computing device 120 may be operatively coupled to pres-
ence-sensitive display 122 by a communication channel
134 A, which may be a system bus or other suitable connec-
tion. Computing device 120 may also be operatively coupled
to communication unit 124, further described below, by a
communication channel 134B, which may also be a system
bus or other suitable connection. Although shown separately
as an example in FIG. 6, computing device 120 may be
operatively coupled to presence-sensitive display 122 and
communication unit 124 by any number of one or more
communication channels.

In other examples, such as illustrated previously by com-
puting device 2 in FIGS. 1-2, a computing device may refer
to a portable or mobile device such as mobile phones
(including smart phones), laptop computers, etc. In some
examples, a computing device may be a desktop computers,
tablet computers, smart television platforms, cameras, per-
sonal digital assistants (PDAs), servers, mainframes, etc.

Presence-sensitive display 122, like Ul device 4 as shown
in FIG. 1, may include display device 136 and presence-
sensitive input device 138. Display device 136 may, for
example, receive data from computing device 120 and
display the graphical content. In some examples, presence-
sensitive input device 138 may determine one or more user
inputs (e.g., continuous gestures, multi-touch gestures,
single-touch gestures, etc.) at presence-sensitive display 122
using capacitive, inductive, and/or optical recognition tech-
niques and send indications of such user input to computing
device 120 using communication channel 134A. In some
examples, presence-sensitive input device 138 may be
physically positioned on top of display device 136 such that,
when a user positions an input unit over a graphical element
displayed by display device 136, the location at which
presence-sensitive input device 138 corresponds to the loca-
tion of display device 136 at which the graphical element is
displayed. In other examples, presence-sensitive input
device 138 may be positioned physically apart from display
device 136, and locations of presence-sensitive input device
138 may correspond to locations of display device 136, such
that input can be made at presence-sensitive input device
138 for interacting with graphical elements displayed at
corresponding locations of display device 136.

As shown in FIG. 6, computing device 120 may also
include and/or be operatively coupled with communication
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unit 124. Communication unit 124 may include functionality
of communication unit 44 as described in FIG. 2. Examples
of communication unit 124 may include a network interface
card, an Ethernet card, an optical transceiver, a radio fre-
quency transceiver, or any other type of device that can send
and receive information. Other examples of such commu-
nication units may include Bluetooth, 3G, and WiFi radios,
Universal Serial Bus (USB) interfaces, etc. Computing
device 120 may also include and/or be operatively coupled
with one or more other devices, e.g., input devices, output
devices, memory, storage devices, etc. that are not shown in
FIG. 6 for purposes of brevity and illustration.

FIG. 6 also illustrates a projector 126 and projector screen
128. Other such examples of projection devices may include
electronic whiteboards, holographic display devices, and
any other suitable devices for displaying graphical content.
Projector 126 and projector screen 128 may include one or
more communication units that enable the respective devices
to communicate with computing device 120. In some
examples, the one or more communication units may enable
communication between projector 126 and projector screen
128. Projector 126 may receive data from computing device
120 that includes graphical content. Projector 126, in
response to receiving the data, may project the graphical
content onto projector screen 128. In some examples, pro-
jector 126 may determine one or more user inputs (e.g.,
continuous gestures, multi-touch gestures, single-touch ges-
tures, etc.) at projector screen using optical recognition or
other suitable techniques and send indications of such user
input using one or more communication units to computing
device 120. In such examples, projector screen 128 may be
unnecessary, and projector 126 may project graphical con-
tent on any suitable medium and detect one or more user
inputs using optical recognition or other such suitable tech-
niques.

Projector screen 128, in some examples, may include a
presence-sensitive display 140. Presence-sensitive display
140 may include a subset of functionality or all of the
functionality of UI device 4 as described in this disclosure.
In some examples, presence-sensitive display 140 may
include additional functionality. Projector screen 128 (e.g.,
an electronic whiteboard), may receive data from computing
device 120 and display the graphical content. In some
examples, presence-sensitive display 140 may determine
one or more user inputs (e.g., continuous gestures, multi-
touch gestures, single-touch gestures, etc.) at projector
screen 128 using capacitive, inductive, and/or optical rec-
ognition techniques and send indications of such user input
using one or more communication units to computing device
120.

FIG. 6 also illustrates mobile device 130 and visual
display device 132. Mobile device 130 and visual display
device 132 may each include computing and connectivity
capabilities. Examples of mobile device 130 may include
e-reader devices, convertible notebook devices, hybrid slate
devices, etc. Examples of visual display device 132 may
include other semi-stationary devices such as televisions,
computer monitors, etc. As shown in FIG. 6, mobile device
130 may include a presence-sensitive display 142. Visual
display device 132 may include a presence-sensitive display
144. Presence-sensitive displays 142, 144 may include a
subset of functionality or all of the functionality of presence-
sensitive display 4 as described in this disclosure. In some
examples, presence-sensitive displays 142, 144 may include
additional functionality. In any case, presence-sensitive dis-
play 144, for example, may receive data from computing
device 120 and display the graphical content. In some
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examples, presence-sensitive display 144 may determine
one or more user inputs (e.g., continuous gestures, multi-
touch gestures, single-touch gestures, etc.) at projector
screen using capacitive, inductive, and/or optical recogni-
tion techniques and send indications of such user input using
one or more communication units to computing device 120.

As described above, in some examples, computing device
120 may output graphical content for display at presence-
sensitive display 122 that is coupled to computing device
120 by a system bus or other suitable communication
channel. Computing device 120 may also output graphical
content for display at one or more remote devices, such as
projector 126, projector screen 128, mobile device 130, and
visual display device 132. For instance, computing device
120 may execute one or more instructions to generate and/or
modify graphical content in accordance with techniques of
the present disclosure. Computing device 120 may output
the data that includes the graphical content to a communi-
cation unit of computing device 120, such as communication
unit 124. Communication unit 124 may send the data to one
or more of the remote devices, such as projector 126,
projector screen 128, mobile device 130, and/or visual
display device 132. In this way, computing device 120 may
output the graphical content for display at one or more of the
remote devices. In some examples, one or more of the
remote devices may output the graphical content at a pres-
ence-sensitive display that is included in and/or operatively
coupled to the respective remote devices.

In some examples, computing device 120 may not output
graphical content at presence-sensitive display 122 that is
operatively coupled to computing device 120. In other
examples, computing device 120 may output graphical
content for display at both a presence-sensitive display 122
that is coupled to computing device 120 by communication
channel 134A, and at one or more remote devices. In such
examples, the graphical content may be displayed substan-
tially contemporaneously at each respective device. For
instance, some delay may be introduced by the communi-
cation latency to send the data that includes the graphical
content to the remote device. In some examples, graphical
content generated by computing device 120 and output for
display at presence-sensitive display 122 may be different
than graphical content display output for display at one or
more remote devices.

Computing device 120 may send and receive data using
any suitable communication techniques. For example, com-
puting device 120 may be operatively coupled to external
network 146 using network link 148A. Each of the remote
devices illustrated in FIG. 6 may be operatively coupled to
network external network 146 by one of respective network
links 148B, 148C, and 148D. External network 146 may
include network hubs, network switches, network routers,
etc., that are operatively inter-coupled thereby providing for
the exchange of information between computing device 120
and the remote devices illustrated in FIG. 6. In some
examples, network links 148 A-148D may be Ethernet, ATM
or other network connections. Such connections may be
wireless and/or wired connections.

In some examples, computing device 120 may be opera-
tively coupled to one or more of the remote devices included
in FIG. 6 using direct device communication 150. Direct
device communication 150 may include communications
through which computing device 120 sends and receives
data directly with a remote device, using wired or wireless
communication. That is, in some examples of direct device
communication 150, data sent by computing device 120 may
not be forwarded by one or more additional devices before
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being received at the remote device, and vice-versa.
Examples of direct device communication 150 may include
Bluetooth, Near-Field Communication, Universal Serial
Bus, WiF1i, infrared, etc. One or more of the remote devices
illustrated in FIG. 6 may be operatively coupled with
computing device 120 by communication links 154A-154D.
In some examples, communication links 154A-154D may be
connections using Bluetooth, Near-Field Communication,
Universal Serial Bus, infrared, etc. Such connections may be
wireless and/or wired connections.

In accordance with techniques of the disclosure, comput-
ing device 120 may be operatively coupled to mobile device
130 using external network 146. Computing device 120 may
output for display at presence-sensitive display 142, a
graphical keyboard comprising a plurality of keys. For
instance, computing device 120 may send data that includes
a representation of the graphical keyboard to communication
unit 124. Communication unit 124 may send the data that
includes the representation of the graphical keyboard to
mobile device 130 using external network 146. Mobile
device 130, in response to receiving the data using external
network 146, may cause presence-sensitive display 142 to
output the graphical keyboard. In response to a user provid-
ing an input at presence-sensitive display, mobile device 130
may send an indication of the input to computing device 120
using external network 146. Communication unit 124 of
may receive the indication of the gesture, and send the
indication to computing device 120.

In response to receiving the gesture, computing device
120 may determine an input posture of the input, wherein the
input posture represents an orientation of the computing
device in relation to an input unit used to provide the input.
Computing device 120 may determine, based at least in part
on the input posture and by the computing device, a spatial
model that is used for determining a probability that at least
one of the one or more of the plurality of keys has been
selected. Computing device 120 may output for display, a
candidate word that is determined based at least in part on
the spatial model. For instance, computing device 120 may
send data representing the candidate word to communication
unit 124. Communication unit 124 may send the data to
mobile device 130 via external network 146. Mobile device
130 may cause presence-sensitive display 142 to output the
at least one word represented by the data.

The techniques described in this disclosure may be imple-
mented, at least in part, in hardware, software, firmware, or
any combination thereof. For example, various aspects of
the described techniques may be implemented within one or
more processors, including one or more microprocessors,
digital signal processors (DSPs), application specific inte-
grated circuits (ASICs), field programmable gate arrays
(FPGAs), or any other equivalent integrated or discrete logic
circuitry, as well as any combinations of such components.
The term “processor” or “processing circuitry” may gener-
ally refer to any of the foregoing logic circuitry, alone or in
combination with other logic circuitry, or any other equiva-
lent circuitry. A control unit including hardware may also
perform one or more of the techniques of this disclosure.

Such hardware, software, and firmware may be imple-
mented within the same device or within separate devices to
support the various techniques described in this disclosure.
In addition, any of the described units, modules or compo-
nents may be implemented together or separately as discrete
but interoperable logic devices. Depiction of different fea-
tures as modules or units is intended to highlight different
functional aspects and does not necessarily imply that such
modules or units must be realized by separate hardware,
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firmware, or software components. Rather, functionality
associated with one or more modules or units may be
performed by separate hardware, firmware, or software
components, or integrated within common or separate hard-
ware, firmware, or software components.

The techniques described in this disclosure may also be
embodied or encoded in an article of manufacture including
a computer-readable storage medium encoded with instruc-
tions. Instructions embedded or encoded in an article of
manufacture including a computer-readable storage medium
encoded, may cause one or more programmable processors,
or other processors, to implement one or more of the
techniques described herein, such as when instructions
included or encoded in the computer-readable storage
medium are executed by the one or more processors. Com-
puter readable storage media may include random access
memory (RAM), read only memory (ROM), programmable
read only memory (PROM), erasable programmable read
only memory (EPROM), electronically erasable program-
mable read only memory (EEPROM), flash memory, a hard
disk, a compact disc ROM (CD-ROM), a floppy disk, a
cassette, magnetic media, optical media, or other computer
readable media. In some examples, an article of manufacture
may include one or more computer-readable storage media.

In some examples, a computer-readable storage medium
may include a non-transitory medium. The term “non-
transitory” may indicate that the storage medium is not
embodied in a carrier wave or a propagated signal. In certain
examples, a non-transitory storage medium may store data
that can, over time, change (e.g., in RAM or cache).

It is to be recognized that depending on the embodiment,
certain acts or events of any of the methods described herein
can be performed in a different sequence, may be added,
merged, or left out all together (e.g., not all described acts or
events are necessary for the practice of the method). More-
over, in certain embodiments, acts or events may be per-
formed concurrently, e.g., through multi-threaded process-
ing, interrupt processing, or multiple processors, rather than
sequentially.

Various embodiments of the invention have been
described. These and other embodiments are within the
scope of the following claims.

The invention claimed is:

1. A method comprising:

outputting, by a computing device and for display, a
graphical keyboard comprising a plurality of keys;

receiving, by the computing device, an indication of
current input detected at a presence-sensitive display
operatively coupled to the computing device;

determining, by the computing device, a distance between
a first location on the presence-sensitive display at
which a key of the graphical keyboard is output and a
second location of the presence-sensitive display at
which the current input was detected;

determining, by the computing device, an elapsed time
between a first time that a previous input was detected
at the presence-sensitive display a second time that the
current input was detected at the presence-sensitive
display, the first time occurring before the second time;

determining, by the computing device, based at least in
part on the distance and the elapsed time, that an input
posture type of the previous and current inputs is a
single-finger input posture type or a bimodal input
posture type; and

selecting, by the computing device based at least in part
on the input posture type, a spatial model that is used
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for determining a probability that at least one of the one
or more of the plurality of keys has been selected.

2. The method of claim 1, wherein determining the spatial
model further comprises:

generating, by the computing device based at least in part

on the input posture type, a search key;

searching, by the computing device, based at least in part

on the search key, a hierarchical spatial model com-
prising one or more sub-models, the at least one spatial
model being a sub-model of the hierarchical spatial
model; and

selecting, by the computing device, based at least in part

on the search, the at least one spatial model.

3. The method of claim 2, wherein the search key is a hash
key, and wherein generating the search key is further gen-
erated based at least in part on one or more of an identifier
of a key of the graphical keyboard and an identifier of a user
of the computing device.

4. The method of claim 2, further comprising:

determining, by the computing device, a probability that

indicates the input posture type is one of a plurality of
input posture types; and

wherein the input posture type is determined responsive to

determining that the probability satisfies a threshold.

5. The method of claim 1, further comprising:

determining, by the computing device, based at least in

part on the at least one spatial model, a spatial model
score that indicates a probability a key of the plurality
of keys has been selected;

determining, by the computing device, based at least in

part on the spatial model score, a word included in a
lexicon; and

outputting, by the computing device, for display, the

word.

6. A non-transitory computer-readable storage medium
encoded with instructions that, when executed, cause one or
more processors of a computing device to perform opera-
tions comprising:

outputting for display, a graphical keyboard comprising a

plurality of keys;

receiving an indication of a current input detected at a

presence-sensitive display operatively coupled to the
computing device;

determine a distance between a first location on the

presence-sensitive display at which a key of the graphi-
cal keyboard is output and a second location of the
presence-sensitive display at which the current input
was detected;

determine an elapsed time between a first time that a

previous input was detected at the presence-sensitive
display a second time that the current input was
detected at the presence-sensitive display, the first time
occurring before the second time;

determining, based at least in part on the distance and the

elapsed time, that that an input posture type of the
previous and current inputs is a single-finger input
posture type or a bimodal input posture type; and

select, based at least in part on the input posture type, a

spatial model that is used for determining a probability
that at least one of the one or more of the plurality of
keys has been selected.

7. The non-transitory computer-readable storage medium
of claim 6, wherein the instructions, when executed, further
cause the one or more processors of the computing device to:

generate, based at least in part on the input posture type,

a search key;
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search, based at least in part on the search key, a hierar-
chical spatial model comprising one or more sub-
models, the at least one spatial model being a sub-
model of the hierarchical spatial model; and

select, based at least in part on the search, the at least one

spatial model.

8. The non-transitory computer-readable storage medium
of claim 7, wherein the instructions, when executed, further
cause the one or more processors of the computing device to:

generate the search key based at least in part on one or

more of an identifier of a key of the graphical keyboard
and an identifier of a user of the computing device.

9. The non-transitory computer-readable storage medium
of claim 7, wherein the instructions, when executed, further
cause the one or more processors of the computing device to:

determine a probability that that indicates the input pos-

ture type is one of a plurality of input posture types; and
select the input posture type responsive to determining
that the probability satisfies a threshold.
10. The non-transitory computer-readable storage
medium of claim 6, wherein with instructions, when
executed, further cause the one or more processors of the
computing device to:
determine, based at least in part on the at least one spatial
model, a spatial model score that indicates a probability
a key of the plurality of keys has been selected;

determine, based at least in part on the spatial model
score, a word included in a lexicon; and

output, for display, the word.

11. A computing device comprising at least one processor,
wherein the at least one processor is configured to:

output for display, a graphical keyboard comprising a

plurality of keys;

receive an indication of a current input detected at a

presence-sensitive display;

determine a distance between a first location on the

presence-sensitive display at which a key of the graphi-
cal keyboard is output and a second location of the
presence-sensitive display at which the current input
was detected;

determine an elapsed time between a first time that a

previous input was detected at the presence-sensitive
display a second time that the current input was
detected at the presence-sensitive display, the first time
occurring before the second time;

determine, based at least in part on the distance and the

elapsed time, that an input posture type of the previous
and current inputs is a single-finger input posture type
or a bimodal input posture type; and

select, based at least in part on the input posture type, a

spatial model that is used for determining a probability
that at least one of the one or more of the plurality of
keys has been selected.
12. The computing device of claim 11, wherein the at least
one processor is further configured to:
generate, based at least in part on the input posture type,
a search key;

search, based at least in part on the search key, a hierar-
chical spatial model comprising one or more sub-
models, the at least one spatial model being a sub-
model of the hierarchical spatial model; and

select, based at least in part on the search, the at least one

spatial model.

13. The computing device of claim 12, wherein the at least
one processor is further configured to:
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generate the search key based at least in part on one or
more of an identifier of a key of the graphical keyboard
and an identifier of a user of the computing device.
14. The computing device of claim 11, wherein the at least
one processor is further configured to:
determine a probability that that indicates the input pos-
ture type is one of a plurality of input posture types; and
select the input posture type responsive to determining
that the probability satisfies a threshold.
15. The computing device of claim 11, wherein the at least
one processor is further configured to:
determine, based at least in part on the at least one spatial
model, a spatial model score that indicates a probability
a key of the plurality of keys has been selected;
determine, based at least in part on the spatial model
score, a word included in a lexicon; and
output for display, the word.
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